Abstract The use of remote sensing data for urban studies has increased along with the availability of Very HighResolution (VHR) satellite data such as IKONOS, Quickbird, Worldview, and the Pleiades. This study aimed to evaluate the use of Pleiades-1A imagery and object based image analysis (OBIA) method to extract the information of urban green spaces in some areas of Jakarta, Indonesia. Multiresolution segmentation and spectral difference segmentation were then applied to the imagery respectively. Support Vector Machine (SVM) was performed for the classification phase, followed by an expert-knowledge refinement. Normalized Difference Vegetation Index (NDVI), Normalized Difference Water Index (NDWI), and Modified Soil Adjusted Vegetation Index (MSAVI) were derived from the imagery to help the classification process. The results showed two classes of landcover, that consists of ''urban green'' and ''non-urban green''. The accuracy assessment was then performed using the visual interpretation followed by field measurements as reference data. By using the area-based similarity measurement framework, this study scored 86 % for overall accuracy. The similarity measurement showed values above 87 % for all 20 samples. This study found that the proposed methods gave a more into ''similar'' results to the reference data, than the ''dissimilar''. The segmentation and classification rule set built in this study still need further study to see how effective the proposed method when applied to different cities with a different landuse/landcover characteristic.
Introduction
Vegetation covers in urban areas have an important role in human life as it affect the urban climate in terms of temperature, humidity, wind speed and noise (Hoffmann et al. 2011) . Monitoring the vegetation cover is one of the important issues in the urban planning. Puissant et al. (2014) describes the importance of green space mapping for management activities of air and water quality, reduce the noise level, and recreational activities. VHR image data such as IKONOS, Quickbird, Worldview-3, and the Pleiades are all increasing in the availability. Thus, allowing for more detailed information extraction on urban vegetation cover. Since using visual interpretation is a labour intensive task, the use of digital classification offers faster results. The automated/semi-automated classification can suppress the element of subjectivity, as well as a reproducible procedure (Belgiu et al. 2014) . The spectral variation within object class in the VHR imagery makes it difficult to apply the conventional pixel-based classification (Lu et al. 2011; Myint et al. 2011; Zhou and Troy 2008) . Thus, other methods are needed that can optimize not only the spectral information, but also contextual information on optimizing the classification process automatically/semi-automatically. In recent years, OBIA already widely used and accepted as an efficient method for classifying high-resolution image data (Blaschke 2010) . OBIA method basically consists of two phases: segmentation, in which the image data is divided into objects that are smaller by a certain homogeneity requirement (Baatz and Schape 2000) , and classification.
The use of SVM algorithm combined with OBIA to extract the landuse/landcover information from VHR has great potential. For example, Tzotsoz and Argialas (2008) used this method on Landsat TM and aerial photographs (Toposys GmbH) to extract the four landuse/landcover classes (water, impervious surface, trees, and grass) on Landsat TM and 4 other classes (tile roofs, vegetation, surface asphalt and bright roof) on aerial photographs. Petropoulos et al. (2012) used this method in hyperspectral data (Hyperion) to extract seven (7) classes of landuse/landcover (sea, open land, crops/permanent plantation, heterogeneous agriculture, grass and sclerophyllous type vegetation). Guo et al. (2008) used one-class SVM to extract the class of ''house'' in the area of Oakland, California using aerial photographs data (spatial resolution of 0.3 meters). Wu et al. (2014) combined decision tree and SVM on Landsat TM imagery to determine the level of vulnerability to landslides in the Three Gorges, China. Similar to the study of Wu et al. (2014) , Heumann (2011) also used the SVM approach coupled with Decision Tree on OBIA to classify mangrove using Worldview-2 data in the Galapagos, and obtain the overall accuracy value of 94 %. Foody and Mathur (2006) found that SVM was able to provide better results than the discriminate analysis algorithm and decision-tree for aerial photo data. Until the time of this writing, the use of SVM algorithm with OBIA method for image Pleiades-1A, to extract information green open space, especially in the area of Jakarta, still has not been done.
The aim of this study was to evaluate the results of OBIA method with SVM algorithm to extract the urban green spaces in some areas of Jakarta using Pleiades-1A data.
Test site
Testing site used in this study is shown in Fig. 1 . The area of interest (AOI) has the size of 4000 9 4000 pixels. AOI is represented by sub-urban area, which generally consists of low vegetation that is on the golf course, highway and road network, several lakes and land in the form of residential and office space, as well as some bare soil near the lake.
Method Data
This study used the Pleiades-1A Orthorectified Pansharpened image, with four multispectral bands. The detail is shown on Table 1 . Pre-processing Three layers were then created to use in the classification stage. These layers were NDVI, NDWI, and MSAVI. NDVI and NDWI (McFeeters 1996) were derived from Pleiades-1A imagery and calculated as Eqs. (1) and (2):
NDWI has been widely used to perform the extraction and classification of water body features of the image (Gao 1996; Xu 2006) , for its ability to be free from the influence of lighting differences or image distortion reflected by the inconsistency of DN values (Belgiu et al. 2014) .
MSAVI2 better known and widely used as MSAVI (Qi et al. 1994) , has proven to give better results in distinguishing the different canopy structures on different ground, which distinguishes this index from other indices such as NDVI or SAVI, particularly in urban areas (Jiang et al. 2007; Pham et al. 2011; Van Delm and Gulinck 2011) . By using MSAVI as additional layer, it can provide further information when NDVI alone were deemed insufficient.
Segmentation
To implement the SVM algorithm into OBIA, the first step that was to segment the image. In this study, the segmentation process was done using ''multiresolution segmentation'' algorithm in Trimble Ò eCognition Developer 8.7. This segmentation process produces primitive objects that will be used in the classification stage. The scale parameter value, corresponding to the object of interest in this study, was conducted by implementing ESP Tool (Estimation of Scale Parameters) (Dragut et al. 2010) . The second segmentation algorithm was then applied on top of the first segmentation stage. This second algorithm called ''Spectral Difference Segmentation''. The second algorithm was often used in studies related to urban vegetation (Pham et al. 2011; Puissant et al. 2014 ). This algorithm was basically serves to combine objects with similar characteristics (homogeneous), based on user-determined threshold value.
Classification
In general, the classification stage using SVM algorithm is a type of supervised classification. After landuse/landcover previously determined, the next step was taking training samples for each class. One of the advantages was that the SVM algorithm requires only a small sample size but able to give a very good results (Tzotsos and Argialas 2008; Foody and Mathur 2006) .
Support Vector Machine
The classification stage was done by applying the SVM algorithm. The first stage was to determine the landuse/landcover classes, which was consisted of ''vegetation'', ''non-vegetation'', and ''water body''. SVM is basically separates objects with different classes into a field ''hyperplane'' (Karatzoglou and Meyer 2006; Kavzoglu and Colkesen 2009) .
By identifying ''hyperplane'' areas that separating the two classes, the SVM was able to provide a more accurate classification results. Sometimes classes are not separated in linear manner (Fig. 2b ). For this case, a variable called slack variable n was used to calculate and combine maximization and minimization margin of error criteria (Tzotsos and Argialas 2008). SVM algorithm originally created to be applied on two different classes. To be applied on more than two classes, it needed to reduce these classes into the form of binary choices. In this study, we use the ''one against one'' approach, because it was considered more suitable to be applied in the case of multiclass like the one in this study (Hsu and Lin 2002) . In principle, the ''one against one'' approach consists of multiple classifiers used for each pair of classes.
Expert knowledge refinement
The results of the SVM classification were still in need of improvement, especially in some of the shadowed objects. Additional refinement algorithm based on expert-knowledge was then written. The integration between machine learning algorithms and knowledge-based system on OBIA method can provide better results (Tzotsos and Argialas 2014; Eisank et al. 2014 ). The refinement algorithm used some additional parameters. Texture, brightness, and contextual information i.e. ''relative border to neighbor'' were then calculated and used as additional parameters. The refinement done mostly to correct the misclassified asphalt and building shadows as water bodies. The texture parameter was based on GLCM texture (gray-level co-occurrence matrix) homogeneity (Haralick 1979) in the red channel, and calculated as shown in Eq. (4):
i is the row number, j is the column number, P i,j is the normalized value in the cell I,j, and N is the number of rows or columns. Brightness values formula is shown in Eq. (5) (Trimble 2013):
where b is the brightness, w j is the real number, n is the numbers of calculated layer, b i j is the brightness value. Relative border to neighbor calculate the relative lengths of object boundary directly adjacent to the neighbor objects. This parameter was described as the ratio of the shared border length of an image object (with a neighboring image object assigned to a defined class) to the total border length. If the relative border of an image object to image objects of a certain class is 1, the image object is totally embedded in them. If the relative border is 0.5 then the image object is surrounded by half of its border. The formula for relative border to this neighbor is shown in Eq. (6) (Trimble 2013): b(v, u) is the length of common border between v and u; N v (d, m) are neighbors to an image object v at a distance d; and b v is the image object border length. The data processing flowchart is shown in Fig. 3 .
Accuracy assessment
This study used visual interpretation on the Pleiades-1A image followed by field survey as reference data. The accuracy assessment conducted in this study was an areabased similarity measurement proposed by Whiteside et al. (2014). This study used a 100 m radius of 20 randomly selected point samples. These circular polygon samples were then used as the clip boundary for cutting the proposed method's results as well as the visually interpreted reference data. The complete accuracy assessment used in this study can be found in Table 2 . C is the area of the classified object and R is the area of the reference object. C\R is the area of intersection between C and R, :C\R is the area of R not covered by C, C\:R is the area of C that is not covered by R, and C[R is the area of union between C and R.
Similarity measurement (s11) associated with the degree of similarity between the classified object and the reference data. A value of 0 indicates that there was no overlap area (totally disjoint), and a value of 1 indicates an identical area (Winter 2000) . Overall quality (OQ), producer's accuracy (PA), and the user's accuracy (UA) indicates information regarding each class. On the other hand, the overall accuracy (OA) calculates the percentage of all classes extracted correctly to the total area (Zhan et al. 2005) .
In general, the accuracy assessment in this study can be divided into two parts. Class-related accuracy assessment represented by false positive rate, false negative rate, overall quality, user's accuracy, and producer's accuracy. The second part was sample-related accuracy assessment represented by similarity measurement (s11).
Results

Segmentation results
We first run the ESP tool to estimate the optimum scale value (Fig. 4) . After conducting trial and error on the obtained value, we then decide to use 90 as the scale parameter. The complete segmentation parameters and its result are shown in Table 3 and Fig. 5 , respectively. The Table 2 A summary of area-based measurement of similarity/dissimilarity used in this study as described by Whiteside et al. (2014) Author Measure Formula Domain Notes
Winter (2000) s11
0-1 Similarity/grade of equal (overall accuracy) Zhan et al. (2005) Overall quality (OQ)
User's accuracy (UA)
False positive rate (q fp )
False alarm rate False negative rate (q fn ) initial objects generated with multiresolution segmentation algorithm tend to be over-segmented. This was deliberately done to keep the relatively smaller object identified, as well as to accommodate the finer boundary for the further sampling in the classification stage. (Duro et al. 2012; Smith 2010; Stumpf and Kerle 2011; Puissant et al. 2014; Zylshal et al. 2015) . The use of the second segmentation stage was to merge the more homogeneous objects such as, highways, golf course and lakes.
Classification results
The classification results are shown in Fig. 6 . The result consists of three classes: ''vegetation'', ''non-vegetation'' and ''water bodies''. The initial classification results still have some errors especially in some dark areas, as the SVM failed to distinguished some the trees and building's shadow with water (Fig. 6a) . We then created a set of additional rule sets using contextual information on the misclassified object. The refinement result shown in Fig. 6b . For the purposes of accuracy test, the water body was then merged into the non-vegetation class. This was done to accommodate the existing visual interpretation that used as reference data. The area-based similarity measurement were then conducted, and the summary statistics of both aforementioned classes are shown in Table 4 and  Table 5 . Fig. 6 Expert-knowledge refinement on misclassified shadows and roads as water body a the yellow mark shows some of the misclassified object, b the misclassified object after refined
Discussion
The advantage of this study is that, the boundaries of objects produced by the proposed method are able to provide more similar results to visual interpretation, without the effect of ''salt and pepper'' caused by the variation of the spectral information within objects and texture on VHR image. Table 6 shows the results of the area based accuracy assessment. Overall quality (OQ) shows the classification accuracy for one class against the entire study area, whereas overall accuracy (OA) indicates the accuracy of the classification for the whole class (vegetation and nonvegetation) to the entire study area (entire image). PA indicates the probability of an object being correctly classified, while UA indicates the probability of an object classified on the map actually represents the classes on the field (Congalton 1991) . For example, in this study the segmentation and classification result of vegetation classes, 92 % of them are correctly classified as vegetation, and 93 % of this mapped vegetation was actually vegetation objects on the field. From the similarity measurement results shown in Fig. 7f and Fig. 8 , the highest s11 value was obtained on sample 6 (sample ID = 6), with the value went as high as 0.99 (area with black circles on Fig. 7f) , and the lowest value obtained was on sample no. 3 with s11 values of 0.87 (white circle in Fig. 7f ). The different delineation path between the classification result and the reference data generally caused the difference between the reference data and the classification result. The reference data, which was obtained from visual interpretation, tends to give a smoother result, due to the nature of visual interpreter when dealing with lines. They did not follow the boundaries of the pixels on the image while digitizing and relying more on contextual information. The proposed method, however, since it was conducted digitally, followed the pixels boundary to create the object's perimeter, thus generate a more jagged edge (Fig. 8) .
All samples give s11 values above 0.5 indicating that the proposed method in this study tends to have ''similar'' result rather than ''dissimilar''. This result, with the lowest s11 value on 0.85 indicates that this method can be used to perform the urban green space extraction from VHR image such as the Pleiades-1A (Fig. 9) .
Area based accuracy assessment used in this study was also able to accommodate the needed information regarding the OBIA classification results, where both the classification accuracy as well as the accuracy related to the object boundaries are assessed and produced. This result was in line with Winter (2000) who stated that for an object based image classification, at least one of the information related to similarity or dissimilarity are required. The use of random sampling in the accuracy assessment was able to suppress the effect of the dominance of large-sized objects, and provides the option to not depend on the availability of reference data for the entire area. This is in line with what other researcher previously proposed Congalton and Green (2009 ), Foody (2011 ), Whiteside et al. (2014 .
The weakness of the proposed method used in this study was that the ruleset built are still dependent on the image sensor and acquisition date. It cannot be directly applied to a different area with different sensor and data acquisition time. The same principles and procedures can still be applied with additional modification in order to accommodate the difference. The use of additional data such as OQ overall quality, UA user's accuracy, PA producer's accuracy, OA overall accuracy, FP false positive rate, FN false negative rate data LiDAR (Light Detection and Ranging) can be used to add more options on the classification process and produce more accurate maps. Pleaides-1A satellite as part of a constellation system with Pleiades-1B is also able to perform stereo recording and therefore able to produce photogrammetrically derived elevation information from stereo/tristereo imagery. This also can be used as an alternative to obtain more information to improve the accuracy of the segmentation and classification process. These options are part of our future research. 
Conclusion
This study attempts to combine a machine learning algorithm and expert-knowledge in the OBIA framework to extract information about urban green space. With just Pleiades-1A multispectral information, it is found that the proposed method was able to give a high degree of similarity in terms of segmentation and classification results to the manual visual interpretation. With the minimum similarity value was above 85 % for all samples generated, the proposed method gives a more ''similar'' results than ''dissimilar''. The overall accuracy was for the proposed method was 86 %. The use of area based accuracy assessment and the similarity measurement on the OBIA results, show that this evaluation method was easy to implemented, and were able to accommodate the accuracy information needed regarding the ever-growing object image analysis method, in terms of assessing the classification results, and the objects boundary as the results of segmentation process. The use of OBIA method in this study can be used as an alternative solution in the monitoring of urban green space. With its ability to conduct the classification digitally, the results can be obtained in a much-more faster timeframe with acceptable accuracy, compared to the conventional pixel-based classification. 
